The present paper deals with spherical indentation. Typical experimental results for this test are usually presented as depth-load diagrams, including loading and unloading parts. Concerning materials exhibiting elastic-plastic constitutive behaviour, the loading part is commonly regarded, when the hardness properties are discussed, whereas the unloading part is considered if Young's modulus is to be determined. Spherical indentation may also be used to identify further constitutive properties, e.g. viscosity properties or the hardening behaviour of the material. It should be noted that in most cases the material is assumed to exhibit only isotropic hardening, when studying indentation tests for elastic-plastic solids. However, in the present paper effects of kinematic hardening are analysed as well. Using various Finite Element calculations, it is shown that kinematic hardening produces hysteresis loops in the depth-load diagram, if cyclic processes with unloading and reloading are applied. It is proved that such hysteresis loops cannot be induced by frictional effects. Moreover, the existence of hysteresis loops in the depth-load diagram is verified experimentally as well. In order to quantify the size of the hysteresis loops two different measures are introduced. The first one is the area included by the hysteresis loop while the second one is a suitable defined opening of the hysteresis loop. Using various Finite Element calculations it is shown that the two measures can be regarded to be correlated. Finally, the hysteresis loops can be utilised to determine the material parameters in the kinematic hardening rule. To this end, Finite Element calculations together with neural networks are employed.
Background
The work on investigation of mechanical properties using the indentation test is mostly restricted to a process consisting of loading to total load P-P, (total depth h=hl) and unloading to P-0 (see e.g. [1] , [2] ). After unloading to P=0 the resulting residual depth is denoted by h r . In order to have a more effective measurement technique, Field and Swain proposed in [3] a method with regular spaced partial unloadings of the indenter during the loading process.
A loading history for spherical indentation concerning loading (h=h t , P=Pi(h=h t )), total unloading (h=h r , P=P u (h=h r )=0) and reloading to the previous total depth (h-h,, P=P r (h=h,)) was proposed by Huber and Tsakmakis in [4] . It has been shown that such a cyclic loading history produces a hysteresis loop if the material considered exhibits kinematic hardening. Additionally, Huber and Tsakmakis could show experimentally that different materials produce a significantly different opening behaviour of the hysteresis loop [5] ,
Current Work
In this paper attention is focused on determining material parameters of kinematic hardening from indentation data. To this end, in a first step, only pure kinematic hardening of Armstrong Frederick type is considered. The constitutive model is described in [7] . Finite Element simulations for different values of yield strength ko, initial hardening slope c and hardening limit c/b indicated that the opening of the hysteresis loop ΛΡ* -[P r (h)-P u (h)]/P, plotted against the dimensionless unloading depth Aht* = (h-h r )/(h,-h r ) is likewise influenced by everyone of the three considered parameters.
In order to solve the inverse problem, i.e. determination of the material parameters as a function of the load-depth relation, a neural network was applied (see also [7] ). The network consists of one input layer, two hidden layers and one output layer. The values AP* at several fixed Aht* are presented to the network at the input layer. The neurons of successive layers are fully connected by synaptic weights. These synaptic weights, set randomly at beginning, are responsible for the result at the output neurons. Using training patterns, the error of the outputs can be minimised by adjusting the synaptic weights with a back-propagation algorithm. Such a neural network, properly trained, approximates the general relation between the hysteresis loop and the according material parameters to be identified.
The network, obtained, was validated with additional validation patterns, which were not presented to the network during training. The values of the material parameters were chosen between the values of the training patterns in order to prove the ability of correct interpolation. Referring to the identified values for the validation patterns, it was shown that it is possible to identify the three material parameters considered above from the hysteresis loop with a satisfactory accuracy.
Conclusions and Future Directions
The previous results indicate that material parameters in the constitutive equations, responsible for the hardening behaviour, can be identified using spherical indentation. To this end, it has been proved that a neural network is the convenient tool to solve such a complex inverse problem. In order to determine more general the mechanical properties of metals, the proposed method has to be extended to a hardening response exhibiting non-linear isotropic and kinematic hardening.
